ABSTRACT
INTRODUCTION
Studies applying these approximations included however only a few genes (Berthoumieux et al. global regulation. 50 Beyond its evaluation, it is also intriguing to examine to what degree global regulation impacts 51 bacterial genomic organization. One of the factors contributing to this regulation is copy number, 52 which is relevant since gene dosage depends on the proximity to the origin of replication oriC 53 and the growth rate. This is due to the overlap of many replication rounds at fast growth rates 54 (multifork replication). Indeed, the position and copy number of ribosomal genes in Escherichia 55 coli is tuned to maintain fast growth rates (Gyorfy et al. 2015) . We could nevertheless ask if 56 the global program a ects genomic structure excluding the copy number. Two scenarios can be 57 hypothesized. One in which promoters that are less sensitive to global regulation are located closer 58 to oriC -to gain sensitivity associated to the copy number from the expression increase linked to 59 multifork replication. And a second scenario in which promoters that are intrinsically sensitive, i.e., excluding the copy number contribution, are closer to the oriC to enhance their activity with 61 growth rate. In the first situation, the influence of the global program is mainly linked to copy 62 number whereas in the second copy number strengthens the dependence. Either solution would 63 reveal design principles of genome architecture.
64
In this work, we analyze the global regulation program in E. coli at a large scale, by introducing from balanced growth measurements in di erent carbon sources, limits in part the scalability of the approach. We used alternatively measurements of promoter activity during dynamic changes of 104 growth rate (in a specific carbon source) since recent results showed that these measures correlate 105 well with those observed with di erent carbon sources at balanced growth (Gerosa et al. 2013 ).
106
We thus processed the time series data of the set of 708 constitutive genes included in (Zaslaver 107 et al. 2009) (Methods) . Instead of measuring hundreds of genes in many distinct carbon sources, we considered data during exponential and late-exponential growth (within the first 5hrs) in the 109 same growth medium (Zaslaver et al. 2009 ) to obtain profiles of promoter activity and growth rate; 
113
After computing PA chr (µ) we grouped all resulting profiles into four classes (applying a cluster-114 ing algorithm, Methods, Fig. 2A ). Classes 1 and 2 correspond to promoters whose activity increases 115 or decreases respectively with growth rate, whereas class 3 corresponds to promoter activities that Table S1 ). Note that only genes from the first class (56%) behave as it is expected from foundational 120 and recent works (Liang et al. 1999; Gerosa et al. 2013; Kochanowski et al. 2017) .
121
To test this procedure, we experimentally validated the promoter activity profiles by measuring
122
PA chr (µ) of 12 promoters -chosen among all four classes-from balanced growth data in 10 di erent 123 growth media (Methods, Supplementary Figure S3 ). Figure 2B shows the experimental results of 124 maoP, rsd, rpsT, prmB, rssB, amyA, yaaA, ghrA, nudF, cpsG, argQ and mutT promoters (a brief 125 description of these genes is available in Supplementary Table S2) . We observe that the approach 126 of inferring PA chr profiles from time series on a single growth medium is particularly robust for 127 class 1 promoters (Supplementary Figure S4) . Overall, this suggests that during the first hours of 128 growth arrest after balanced growth, when entering saturation phase, the expression of constitutive 129 promoters is still mostly determined by the decrease availability of global resources. Promoters 130 that deviate from this can be suspected of having unknown regulatory mechanisms.
131
Promoters sensitive to global regulation are located closer to the origin of replication.
132
Beyond the previous classification, we noted di erent genes within class 1 promoters with distinct 133 sensitivity to the global regulation. To quantify sensititivity, we fitted PA chr (µ) profiles to a 134 Michaelis-Menten equation:
where V m is the maximum promoter activity and K m is the growth rate at which PA 
163
To evaluate this assumption, we performed a homolog search across 100 species to compute the 
170
We studied next the association between the conservation measure and three main species fea- for the multiple replication fork e ect, i.e., when we consider pa(µ) profiles instead of PA chr (µ).
211
We thus propose a model in which multifork e ects and the global program (excluding gene copy)
212
work in combination; promoters that are most growth-rate dependent in E. coli benefit from a larger 213 increase in gene expression at large growth rates (Supplementary Figure S8) .
214
The fact that E. coli coordinates di erent mechanisms to obtain a multiplicative e ect of were grown overnight in the specific medium, then diluted 1/20 and pre-cultured for ⇠5h. Then, 
253
Data processing and modeling. Growth rate time series were computed as the two-point finite 254 di erences of log(OD), µ(t) = log(OD)/ t, and promoter activities were computed as the two- and Methanosarcina Acetivorans, we used the web-tool that DoriC o ers for its identification. The 293 results had expected values E = 0 and E = 3 ⇥ 10 9 , respectively (Supplementary Table S3 ).
294
Moreover, the replication terminus ter was set half the genome length away from the origin of Chromosomal multifork replication makes g chr dependent on both growth rate and gene location in the chromosome. At a faster growth rate, the number of origins of replication oriCs (red solid line and black dots) increases due to the overlap in time of multiple replication rounds. Arrows show the direction of replication forks. In the case of plasmids with low copy number, as the one used in the plasmid library (pSC101), g pl is proportional to the number of terminal regions (ters) in the chromosome (green dotted line). (C,D) Relative di erences in promoter activity (pa, PA chr , PA pl ) for two genes at di erent chromosomal locations for a fixed growth rate (normalized to the corresponding pa). Genes (rph and hisL) are located at distances m rph = 0.04 and m hisL = 0.80 from oriC. Observe that the correction in promoter activity is larger for genes near oriC. PA pl was obtained in balanced growth at a rate µ ' 0.9 dbl/h (Zaslaver et al. 2009). (1) is also shown with the 95% confidence interval (red solid and dotted lines respectively). (B) We can also obtain promoter activity profiles from growth time-series in a single growth medium (e.g. lactose+AA). We consider promoter activity (in green) and growth rate (in black) points during early and late exponential phase (dark and light purple shade) to obtain a similar promoter activity profile (Methods). The best fit to Eq.(1) and the 95% confidence bounds are also shown (blue solid and dotted lines respectively). (C) Superposition of the two profiles obtained previously by di erent means. These two approaches yield similar qualitative and quantitative profiles in this and other cases, for promoters of genes in class 1 (Supplementary Figures S4) . Three genes chosen from each class (rows), maoP, rsd and rpsT from class 1; prmB, rssB and amyA from class 2; yaaA, ghrA and nudF from class 3; cpsG, argQ and mutT from class 4), were assayed in ten di erent growth conditions (columns; Methods) for about 8h (x-axis). The grayed area highlights the 2h window of observed exponential phase. Figure S4 . Correlation between PA pl (µ) measured from exponential phase in 10 di erent growth media (y-axis) and from time-series growth in one carbon source (x-axis). We tested three genes of each class (rows; color indicates the class as in Supplementary Figure S1 ) in 5 di erent carbon sources (columns). Each point represents a growth rate. Promoter activities from time-series data are obtained by linear interpolation at the corresponding growth rates. (A) Scatter of the parameter K m of the 291 promoters belonging to class 1 when computed from pa(µ) and PA chr (µ). The region where promoters whose pa is constant (saturable) but whose PA chr is saturable (linear) is marked in grey (yellow). A log-log scale is used for the sake of clarity as the parameters cover several orders of magnitude.
(B) Slopes of linear profiles computed from pa and PA chr correlate linearly. Observe that in general, the addition of the chromosomal multifork replication e ects increases the sensitivity to the global regulation program of constitutive promoters of class 1. Figure S7 . Histograms of the number of constitutive genes in each class whose expression is modulated by a sigma factor. Sigma factors modulate the selectivity of the RNAP for certain promoters under di erent situations: housekeeping ( 70 ), general stress ( 38 ), cytoplasmic stress ( 32 ), extracytoplasmic stress ( 24 ), nitrogen stress ( 54 ) and flagellar genes ( 28 ). Here we show the number of observed genes (vertical bars) within each sigmulon (x-axis) and the expected values under 1e4 randomizations (black circles, error bars correspond to one standard deviation). The most sensitive genes to the global program locate near the ter region (symbolized by a green gradient; note that global regulation here excluded the impact of gene dosage). In contrast, the multifork e ect is stronger near oriC (orange gradient). The gene dosage e ect is consequently not coupled to a strong sensitivity. (Bottom) Scenario 2. The most sensitive genes to the global regulation (excluding gene dosage) locate in the oriC region. In this case, the e ect of gene dosage is linked to the strong sensitivity. 
